To better analyze images with the Gaussian white noise, it is necessary to remove the noise before image processing. In this paper, we propose a self-adaptive image denoising method based on bidimensional empirical mode decomposition (BEMD). Firstly, normal probability plot confirms that 2D-IMF of Gaussian white noise images decomposed by BEMD follow the normal distribution. Secondly, energy estimation equation of the ith 2D-IMF (i=2,3,4,......) is proposed referencing that of ith IMF (i=2,3,4,......) obtained by empirical mode decomposition (EMD). Thirdly, the self-adaptive threshold of each 2D-IMF is calculated. Eventually, the algorithm of the self-adaptive image denoising method based on BEMD is described. From the practical perspective, this is applied for denoising of the magnetic resonance images (MRI) of the brain. And the results show it has a better denoising performance compared with other methods.
Introduction
The existence of noise when obtaining or transmitting images makes it difficult for subsequent analysis. Image denoising is a low-level image processing to remove the noise involved when obtaining or transmitting images. It is an important front-end procedure for high-level visual tasks, including object recognition (e.g., magnetic resonance image analysis), digital entertainment, and remote sensing imaging, as it facilitate subsequent analysis [1] . Image denoising aims at removing noise as much as possible while maintaining the useful information to the largest extent. For a certain image, most of its energy lies in the low frequency band, while the details lie in the high frequency band. However, the noise energy distribution exists in the whole frequency domain. Generally, algorithms based on wavelet analysis are employed for image denoising [2] [3] [4] [5] . Although it could simultaneously remove the noise while maintain the high frequency details of an image, yet it is difficult to choose the optimal wavelet mother function.
To analyze non-ideal and non-linear signals, Hilbert-Huang transform was proposed by Huang et al. in 1998 [6] . Hilbert-Huang transform consists of empirical mode decomposition (EMD) and Hilbert spectral analysis. The signal is firstly decomposed into the sum of several intrinsic mode functions (IMF) and the residue by EMD, then the instantaneous frequency and Hilbert spectrum are obtained [6, 7] . In the transform, EMD essentially acts as a dyadic filter bank resembling involved in wavelet decompositions [8, 9] . Therefore, the noise of the image or the signal might be removed by EMD. There exist several denoising methods based on the dyadic filter bank characteristic of EMD and they are mainly applied in the signal denoising [10, 11] . EMD can also be combined with Savitzky-Golay filter, which can then be used to remove the drift noising of a dynamically tuned gyroscope [12] . Besides, EMD was also applied to image denoising by Hu and Jin who used the Savitzky-Golay filter to process the low-order IMFs while maintaining the high-order ones [13] . In addition, in electrostatic detection signal processing, people generally neglect the low-order IMFs and denoise the high-order ones using wavelet analysis [14] . Agarwal and Tsoukalas also proposed a denoising method based on the noise energy of IMFs [15] where IMFs with energy less than corresponding threshold would be removed. The Iterative EMD Interval-Thresholding (EMD-IIT) and Clear Iterative EMD IntervalThresholding (EMD-CIIT) denoising method were presented by Kopsinis and McLaughlin [16] . Subsequently, a self-adaptive threshold image denoising method based on their method was proposed by Guo et al. [17] . In this method, an image was firstly translated into a sequence and decomposed by EMD. Afterwards, the self-adaptive method was employed to remove the noise of each IMF. Due to the fact that the image might be distorted after being translated into the sequence, bidimensional empirical mode decomposition (BEMD) is used to decompose the noise image into 2D-IMFs and the self-adaptive method to be applied to each 2D-IMF to remove Gaussian white noise as much as possible.
Self-adaptive image denoising based on BEMD

BEMD
EMD has been reported to be used to remove the noise from images, such as in [13] and [17] . It has been also used to analyze images in other domains, such as in [18] . In those papers, images were firstly translated into one-dimensional sequences before EMD is applied. However, as those methods only carried out a one-dimensional EMD (not a true 2D-EMD), their limitation was found in local image analysis. Therefore, BEMD is used instead and it can be described as follows [19, 20] 4 . If the number of extrema of I m is more than 2, m=m+1 and repeat steps 2 and 3; else the decomposition is over.
According to the Cauchy-type convergence condition, the stopping criterion is given by
The neighboring window method and the morphological reconstruction were employed to find local maxima/minima points and the extreme plateaus, respectively [19] [20] [21] .
Self-adaptive image denoising based on BEMD
Image denoising method based on BEMD has been used by some researchers. For example, Pei et al. used the adaptive median filtering to remove the noise of each 2D-IMF obtained by BEMD [22] . In this work, the threshold was computed using the formula ( )
, where ς was the modifying factor and it was generally the value of 0.25. N was an arbitrary positive constant. Sharif also used BEMD in denoising aurora images [23] , where Gaussian low pass filters were applied to the first few BIMFs after obtaining the 2D-IMFs. The filter width and shape could be varied from one 2D-IMF to the next. However, for users who are not expert in the images for denoising, it is difficult to determine the values of parameters such as N in [22] and the filter width and shape in [23] . Therefore, the selfadaptive image denoising based on BEMD could be very useful. The normal probability plot of each 2D-IMF of the Gaussian white noise image decomposed by BEMD is shown in Figure 1 . Here, the pixels of the original image follow the standard normal distribution. It could be seen that the actual probability curve of each 2D-IMF almost coincides with the ideal one and the data range (horizontal ordinate of each sub-graph) reduces with the increase of the Generally, the first 2D-IMF is mainly composed of the noise and a few details of the actual image. Therefore, the energy of the first 2D-IMF might be considered to be the first order noise energy roughly, which can be expresses as
where the size of the decomposed image is N×M. The energy of the ith IMF (i=2,3,…) decomposed by EMD can be estimated by [7] 
¦¦
. As each 2D-IMF of the Gaussian white noise image follows the standard normal distribution, the probability of which the noise value of the ith (i=1,2,3,…) 2D-IMF belongs to the set [ 3 ,3 ] i i σ σ − is 99.73%. If the pixel value of the ith (i=1,2,3,…) 2D-IMF is more than 3 i σ or less than 3 i σ − , the pixel point is considered to include the actual image point. However, the self-adaptive threshold T i of the ith (i=1,2,3,…) 2D-IMF should not be equal to 3 i σ , which is due to the fact that the first 2D-IMF includes a few details of the actual image. Therefore, in this work, the self-adaptive threshold T i is
where M=2.8.
The self-adaptive image denoising based on BEMD can be described as 1. Decompose the image with the Gaussian white noise using BEMD 
Results and discussion
The self-adaptive image denoising method based on BEMD should be applied to the magnetic resonance image (MRI) denoising of the brain. The original and the Gaussian white noise MRIs of the brain are shown in Figures 3(a) and 3(b) , respectively. The images after denoising by the method in [13] , the self-adaptive image denoising method based on EMD in [17] , the method based on discrete wavelet analysis and the presented method are shown in Figures 3(c)-3(f) , respectively. The energy signal to noise ratios before and after denoising and the time spent on denoising are shown in Table 1 . It can be seen that the MRI after denoising by the presented method is the most distinctive. Moreover, the presented method produces higher signal to noise ratio after image denoising and costs less time compared with the method presented in [13] and [17] . Table 1 Energy signal to noise ratio before and after denoising and time spent on denoising Method in [13] Method in [17] Method 
Conclusion
The self-adaptive image denoising method based on BEMD was presented in this work. It does not require any human intervention and can be solely achieved using the input image. The proposed method was applied in MRI denoising of the brain, which shows that the presented method has a better denoising performance and takes less time compared with methods based on EMD [13] and [17] .
